Abstract-Boreal forests have a significant impact on the Earth's climate and on global warming. In this context, a mapping method was developed and was capable of dealing with very large areas with a lack of support datasets, which could characterize the current forest, surficial deposits, and forest disturbance history. The method based on remote sensing data, images processing techniques, and images interpretation was applied over a very large area (680 000 km 2 ) in Québec, QC, Canada that was dominated by black spruce (Picea mariana 
I. INTRODUCTION

B
OREAL forest represents 38% of global forest area [1] . These forests have a significant effect on the radiative balance of the Earth [2] . Because of their rough texture and low reflectance, boreal forests absorb a high proportion of incoming solar radiation, subsequently converting it to heat [3] . The likely future expansion of boreal forests toward current tundra regions could amplify global warming. Also, boreal forests that are located within the tundra region contain 40% of the soil carbon that could be potentially transferred to the atmosphere, mainly due to forest fires. This corresponds to the current amount of carbon that is held in the atmosphere [4] . Boreal forests are characterized by a small number of tree species and are primarily driven by disturbance in the form of catastrophic wildfires at the landscape scale. Depending upon site conditions, the fire interval ranges from 50 to 500 years [5] , [6] . Major insect outbreaks are chronic in the boreal forest and also represent an important disturbance factor that contributes to modifying the landscape [7] , [8] . Using a global climate change scenario for the boreal forest, Soja et al. [8] predicted increased wildfire and insect infestations, northward forest expansion, and substantial alterations to stand composition and structure. The importance of boreal forest ecosystems to planetary dynamics justifies efforts to monitor forest coverage and to assess its resilience, i.e., its ability to recover after a disturbance [9] . A reliable assessment of current stand conditions is the basis for predicting the evolution of forest coverage and health under the changing climate. Boreal forest ecosystem conditions are generally estimated by forest inventory data comprising sample plots and forest map. These forest maps are usually produced through interpretation of aerial photography to describe stand characteristics and forest attributes, such as species, tree height, stand cover, age, and surficial deposits [10] - [12] , typically with a minimum polygon unit area of 2 ha. These maps, however, are mainly produced for managed areas in the southern boreal forest. For northern regions, most projects that have undertaken large-area mapping of the boreal forest generally have used coarse resolution images with few field samples, given the poor road conditions that limit access to training or validation sites. For example, Viereck et al. [13] in Alaska, Wulder et al. [14] , Beaudoin et al. [15] in Canada, and Berner et al. [16] in Russia mapped very large areas but these contained only a few general classes. These mapping exercises were developed for a general assessment of landscape-level variables, which consequently could not provide the level of detail that is required for operational forest inventories [17] , [18] . Other research that was conducted by Desponts and Payette [19] and Arsenault et al. [20] proposed mapping methods at finer scales and for specific issues. These methods have only been applied to relatively small areas and their subsequent extrapolation to large areas is difficult.
In recent years, improvements to satellite sensor capabilities, image availability, and progress in mapping methods have provided a wide array of options for large-area mapping. The way has been opened for exploring new methods to map boreal ecosystems at a level of detail compatible with operational inventories, such as those performed in southern forest regions. Medium-resolution satellite images, such as those obtained from Landsat 5, have demonstrated their usefulness for natural resource management and monitoring [21] , [14] . Such images (Landsat 5, 7, and 8), with a spatial resolution of 30 m, have been made easily available since 1984 at low or no cost, thereby enabling continual forest monitoring for a period of more than 30 years. Comparable platforms provide a considerable number of sensors that now offer images at finer spatial resolutions (e.g., SPOT-5 and RapidEye), with the potential to cover large areas of boreal forest [22] - [24] . Forest ecosystems can be characterized with satellite images that are based on what features are immediately visible when observed from above, thereby placing more importance on tree or canopy attributes while excluding most of the understory, ground cover, and underground characteristics. Yet, surficial deposits can be mapped from interpretation of aerial photography. The surficial deposit maps describe the surface sediments overlying the bedrock, their morphology, their material composition, their sedimentation processes, etc. Surficial deposits can be deposited through a number of processes including glacial, glaciofluvial, fluvial, lacutrine, aeolian, colluvial, and marine. These maps are used to evaluate the site productivity for vegetation growth, in mineral exploration, to assess environmental impacts of disturbances, and to support forest management and road infrastructure. Apart from standard photo-interpretation directives [12] , few studies have proposed methods for mapping surficial deposits [25] , [26] . Other surficial deposit maps that are available for these areas are generally produced either at large scales [27] or only cover local areas [28] . Furthermore, they are not compatible with the scale of forest maps. In boreal ecosystems, surficial deposits are correlated with the growth of vegetation and its resilience following disturbance. Known methods of mapping surficial deposits have required extensive resources and, thus, are difficult to apply to large areas.
The long recovery times for boreal ecosystems following disturbance are indicative of their vulnerability to change climate conditions. Catastrophic wildfire is the main disturbance affecting boreal ecosystems [5] , [29] . Maps providing polygons that include the date and extent of past forest fires, such as those made by Payette et al. [30] , are essential for assessing current recovery times of disturbed forest stands. Recovery time is strongly influenced by ecophysiological and physicoclimatic factors, such as species, surficial deposits, precipitation, and among others [31] . Many studies propose maps of forest areas, but the results are usually coarse and not suitable for forest management [32] - [34] . Describing fine spatial distribution of forest fire perimeters and evaluating their dates precisely over a large boreal area require extensive field work [35] . Regardless of the efforts required, a fire history map is an essential tool for defining fire recurrence, assessing the role of fire in forest cycles, establishing stand resilience, determining the impact of fire on biodiversity and, ultimately, proposing effective strategies for ecosystem management [31] . An important challenge presents itself when estimating map accuracy in a context where ground databases are limited, as is the case of many boreal regions. Estimating the accuracy of polygonal maps usually involves the comparison of map layers with data that are obtained from field sample plots or transects [36] , [37] . This resource-consuming approach is difficult to apply over large areas and may incur substantial bias since the scales of comparison are quite different. Another alternative involves the use of a second set of satellite images of finer spatial resolution [38] . In all cases, the technique that is adopted needs to take into consideration both the availability of data and accuracy requirements.
In support of northern boreal ecosystem requirements, the first goal of this project was to develop a mapping method to report on forest stand status, site productivity, and resilience for a vast area of northern Quebec (680 000 km 2 ). Reporting the forest stand status of the northern lands involves assessing the dominant tree species, forest cover type, understory type, stand cover, tree height and age, and the open land type (i.e., nonforest land cover). The method aimed at providing the same level of information that is available for southern forests in Canada. Site resilience of the northern ecosystems depends largely upon site productivity, which is linked with surficial deposits, and forest fires that occurred in the last century. Three scientific challenges were met during this project: 1) developing new methods for mapping vegetation and surficial deposit at the stand level, in methods that could be adapted for large areas without relying on spatial and field datasets; 2) developing a method to map wild fires for large areas that describes all perimeters and dates of fire events that occurred in the last century; and 3) adopting a validation approach of the map attributes that can be adapted to a large and remote area.
II. METHODS
A. Mapped Area
The mapping area is located in the boreal Canadian Shield Ecozone (Fig. 1) • C, resulting in a short growing season across the region (between 78 and 155 days); mean precipitation varies from 201 to 1200 mm per year. For most of the mapped area (see below), surficial deposits are dominated by glacial till and thin till (till with frequent rocky outcrop). Wood harvesting is very limited and the main ecosystem disturbance is fire.
B. Data
Two seasonal mosaics, composed of Landsat-TM and -ETM+ images, were superimposed on to the mapped area. Only the central strip of the Landsat-ETM+ images acquired was clipped for the mosaic since the borders were affected with scan line corrector failure. The 90 images of the summer mosaic were acquired during the growing seasons (mid-July to end of August), between 2003 and 2010. The 78 images of the winter mosaic were acquired during the period when the ground was covered with snow (March, April, and May), between 2005 and 2013. These 3 months were selected for the winter mosaic to ensure that snow covered all of the mapped area, while also maximizing solar elevation to reduce shadow effects on north-facing hills as much as possible. All images were in raw digital number with a dynamic range of 8 bits and were resampled for a spatial resolution of 30 m. It was decided to leave the Landsat images in 8-bit format to avoid the excessive space that the 680 000 km 2 area would have required. Our preliminary tests demonstrated satisfactory results using images with raw digital numbers. These images were already ortho-rectified by USGS (Level-1T). The image mosaic was assembled using a histogram-matching technique to minimize spectral differences between images [39] ; the method was available in PCI Geomatics software [40] . The histogram-matching method aims to adjust the color of one image at a time to a reference image using both images' histograms. Clouds or hazy areas were masked. Three spectral bands were used: 1) red (0.63−0.69 µm); 2) near-infrared (0.76−0.90 µm); and 3) midinfrared (1.55−1.75 µm). The choice of these three bands was justified by band decorrelation (process to reduce the crosscorrelation) and their potential to differentiate forest classes [41] . Finally, cloud-free Landsat image archives (from 1973 to 2013) were acquired during the growing season to map historic fire perimeters.
The mapped area was also covered by a mosaic that was composed of 163 RapidEye images, which had at a spatial resolution of 5 m and that were composed of five spectral bands: 1) blue (0.44-0.51 µm); 2) green (0.52−0.59 µm); 3) red (0.63−0.69 µm); 4) red-edge (0.69−0.73 µm); and 5) infrared (0.76−0.85 µm). These images were acquired during the growing season between May 2010 and October 2011. A mosaic of natural color bands (blue, green, and red) was generated to support the surficial deposit interpretation procedure. The method that followed the production of the RapidEye mosaic was similar to that was used for the Landsat mosaic described above. This RapidEye mosaic was used to produce a three-dimensional (3-D) anaglyph mosaic. An anaglyph is an encoding image build on filters of different colors, which were red and cyan in our case. This referenced encoding image can be displayed on simple GIS systems to digitalize polygons using only red and cyan glasses. This is an efficient alternative of costly 3-D stereo vector digitalizing systems based or either pair of aerial photography or satellite images. The 3-D anaglyph mosaic was produced using the STE algorithm in PCI Geomatics software [40] , [42] , together with the topographic map at a scale of 1:50 000.
A series of sample plots, aerial photographs, and aerial video was collected to support the validation of the resulting maps, including historic fires. A first database of 3419 sample plots, which were collected in the mapped area between 2010 and 2013, was amassed ( Fig. 1 ). Measurements in these plots included tree species identifications, percent stand cover, tree height measurements (clinometer), understory species, surficial deposit types, wetland types, geomorphologic characteristics, and among others. A second database consisted of 306 sample plots that were distributed over the whole mapped area. It contained the measurements of fire scars on tree trunks. Plots were located on the boundary of the past fire perimeters. By counting the rings between the burned ring and the bark, the year of fire was determined. More than one scar per fire perimeter was usually measured to improve the estimates for the years since the fire. A third database consisted of 105 009 photographs that were taken during an aircraft survey, where GPS coordinates were linked to each photograph. Existing topographic and hydrographic maps at a scale of 1:50 000 were acquired from the CANVEC layers [43] . A final database was acquired along a 3500-km transect that was composed of a geo-referenced video taken from a plane. Flight altitude was generally around 700 m or a scale of 1:1500, which made interpretation possible of the dominant tree species, forest cover types, and stand cover and understory types, with a high degree of confidence.
C. Mapping Methods
The objectives of this study were met as follows. First, a general mapping method was adapted to the boreal ecosystem of Quebec: initial vegetation mapping was based on an objectbased classification of the main forest types, followed by further image processing to generalize specific information of forest attributes, and finally, identification of wetland and dominant forest species. Second, two methods were developed to map surficial deposits and forest fire history. Last, a series of procedures was established to validate the mapping methods, considering that independent spatial datasets for the northern area are few to none. These procedures, as shown in Fig. 2 , resulted in polygonal maps with contextual map attributes: forest cover type, understory type, stand crown cover, tree height and age, open land cover, surficial deposit type, and time-since-last fire. The maps were produced with a minimum mapping area of 100 ha for surficial deposits and 16 ha for all other attributes. Other mapping rules (e.g., avoidance of polygon overlap) were applied as defined by northern mapping standards [44] . A detailed description for each of these methodological steps follows.
1) Mapping Vegetation and Forest Attributes:
Several mapping techniques were used to reduce human interpretation and to ensure consistent mapping of vegetation and forest structure over the entire mapped area. As the first step of the mapping method, two thematic raster layers were produced: forest cover type and understory type. The two thematic raster layers had pixels of 30 m × 30 m and described 1) three classes of forest cover (coniferous, deciduous, and mixed) and 2) four classes of understory (lichen, moss, shrub, and mixed). The classification procedure used the Landsat summer mosaic and employed the field samples and polygons that were interpreted from aerial photographs as training data. ISOCLUS from PCI Geomatics Inc. [40] , a widely used clustering algorithm [45] , [46] that is based on the ISODATA method [47] , was selected to produce the two thematic raster layers. Several iterations were required to obtain the optimal classification parameters: number of clusters, maximum number of iterations, and the movement threshold. Each iteration allowed the comparison of mapped results for all selected parameters with those that were obtained from field samples, aerial photographs, and RapidEye mosaic interpretations.
The second step of mapping focused upon the production of two further thematic raster layers: 1) stand crown cover and 2) tree height. The Landsat summer mosaic was used as an input with an imputation method (k nearest-neighbors or kNN) to generate these two layers [48] , [49] . This intuitive and versatile technique aims to estimate variables that are based on similarity of covariables between attributes to predict and observe samples. The Landsat summer mosaic is correlated to stand crown cover and tree height since Leboeuf et al. [50] demonstrated linear relationship between shadow fraction at a resolution of 30 m and those two forest attributes for similar northern areas. Both thematic layers were then produced with pixels of 30 m × 30 m. Stand crown cover represents the canopy closure percentage and tree height is the mean height in meters. Field sample plots were selected to ensure that stand crown cover and height values covered the whole range of values, i.e., 0%-100% for crown cover (10% class intervals) and 0-28 m for the height (1 m class intervals). The plot subset also had to be the representative of the proportion of stand crown cover and height values over the study area to avoid using nonrepresentative or exceptional values. Values of the forest attributes (F Aknn i ), either stand crown cover or height, were calculated for each pixel using field sample and Landsat summer mosaic band data
where i is the target pixel, k designates the nearest spectral neighbors, which can be found from 1 to a maximum of k max , F A GSP_k is the forest attribute value from a selected sample plot of interpreted polygon, W k is the weighting coefficient for this kth neighbor, and d j k is the Euclidean distance for this kth neighbor, the power j. The resulting F Aknn i value is in fact a weighted value of the F A GSP_k values, which have the nearest spectral value of the pixel being evaluated. The parameters (k and W k ) were established based on a sensitivity analysis that examined a reasonable range for these parameters. The results were evaluated using leave-one-out cross-validation [51] that was based on all available field samples. Three statistics were then calculated (as percentages): 1) R 2 ; 2) relative root-mean-square error (RMSE r ); and 3) relative bias (bias r ).
Each of the four thematic raster layers (forest cover type, understory type, stand crown cover, and tree height) provided separate vegetation and forest information for the mapped area. As a third step of the mapping method, this pixel-based information was regrouped spatially for the final map to form stand polygons. A stand polygon was represented as contiguous land cover characteristics that were sufficiently uniform in terms of species composition, forest attributes, and general condition, so as the polygon could be considered as a homogeneous and distinguishable unit. Stand polygons were generated by segmenting the Landsat summer mosaic with the segmentation tools that are available in eCognition software [52] , [53] . The Landsat summer mosaic was selected because it discriminated accurately the main stand polygons present in the mapping area. This resulted in polygon boundaries that were based on three elements: surrounding pixel homogeneity, as determined from their spectral values; and two shape functions, which are referred to as the scale and shape factors. The image texture was not consider in the segmentation process since preliminary tests increased the processing time and did not improve the resulted polygons. Parameter values of the segmentation (band weights, scale, and shape) were determined through several iterations where an operator used patterns that had been previously interpreted and available in the forest inventory map, together with a mean area around 16 ha to guide polygon generation [54] . The segmentation procedure generated polygons that identified forest stands where further information was needed to be assessed from a classification procedure to produce the four available raster layers (forest cover type, understory type, stand crown, and tree height). For the two first raster layers, which consisted of 1) forest cover types (coniferous, deciduous, or mixed) and 2) understory type (lichen, moss, shrub, or mixed), the proportion of each pixel type was calculated for each polygon. The forest and understory covers were designated by association of corresponding proportion of pixel type in each polygon that met the mapping standard (e.g., a polygon had a class of lichen understory when more than 75% of the pixel underlaid were identified as lichen). For the two other raster layers, mean crown closure with classes A (80%-100%), B (60%-80%), C (40%-60%), D (25%-40%), or L (10%-25%) and mean height value (0-28 m) were calculated for each polygon using the raster layer of the stand crown cover and mean height. Finally, open land cover was mapped following a definition of a land that was covered with less than 10% of stand crown cover and understory type.
The fourth step of the mapping method was to integrate water bodies, wetlands, and main tree species into the stand polygon map that was previously established. First, the map was updated by water bodies and wetland polygons from the existing topographic map at scale of 1:50 000. Wetland polygons that were added to the map were classified into 10 categories (uniform fens, structured fens, uniform bog, etc.) based on satellite image interpretation, as described in a wetland classification guide [55] . For all forested stands, i.e., polygons with stand crown cover greater than 10%, the dominant tree species was determined by image interpretation resulting only one dominant tree species for each forested stands. From existing inventories, it was expected that the dominant species would be in descending order of abundance: black spruce (more than 98%), jack pine, balsam fir, white spruce, tamarack, birch, or poplar. To discriminate among tree species, several iterations were tested to establish the most favorable image bands and enhancement parameters. Landsat summer, Landsat winter, and RapidEye mosaics were tested to develop an interpretation guide. This interpretation guide was calibrated and validated with field data.
2) Mapping Surficial Deposits: A polygonal map of surficial deposits was produced in parallel with mapping vegetation and forest attributes by interpreting the 3-D anaglyph mosaic that was obtained from RapidEye images. Leboeuf et al. [44] and Robitaille and Allard [56] described 33 different surficial deposit classes that are applicable to northern Quebec and used them as a basis for identifying their characteristics. The polygons for surficial deposits are much coarser than those for the stand polygon leading to an area in average about 10 times larger. The 3-D anaglyph mosaic made three vital interpretation elements available from the same image for facilitating interpretation: 1) texture; 2) color; and 3) topography. Texture is related to some heterogeneous surficial deposit types, such as dead-ice moraines. For visual interpretation of images, color allows parent rock (blue on the image) to be differentiated from other deposits. Topography provided information on slope positions and shape patterns that were related to deposit thickness and elongated profiles such as drumlins. The interpreter was trained with the available field samples. Finally, the surficial deposit map was linked spatially to the vegetation map.
3) Mapping Fire History: At this stage, the polygons contained forest and surficial deposit information but nothing about stand age. Rather than interpreting the age of the forest based on their composition and structure, efforts were concentrated on mapping fire perimeters and detailing the year in which fire had occurred on the mapped area. At these latitudes, forest fires leave noticeable traces over a landscape that is perceptible on satellite images for more than 60 years, depending upon forest and vegetation resilience. Thus, Landsat images that were acquired from 1973 to the present were used to delineate fire perimeters over the entire region using a method inspired from Stocks et al. [32] . Following creation of the fire perimeters, reliable information of occurrence years available for some fires of the mapping area was collected [30] , [32] , [57] . The year of these fires was determined from these sources. For fires with no documented source, the year was determined in two ways, depending upon their dates. For fires that occurred between 1973 and 2013, the fire year was determined using archived Landsat images that had been acquired at the time closest to fire occurrence. For older fires, from 1920 to 1973, the year of fire was determined from data collected in the field from fire plots. The date of fire was estimated from measurements in the fire plots: the time that elapsed since the last fire was estimated from fire rings on trees exhibiting scars. Fire perimeters for which no scars were found had to be interpreted by associating the patterns of Landsat images of fire perimeters where scar was measured to the pattern of this fire perimeter. Image color and context provided clues to fire, based upon similar fires for which scars were encountered. This process was applied to produce polygons that were associated with fires from 1920 to 2013 in the context of boreal ecosystems. Fires that occurred earlier than 1920 were not visible because their perimeters had gradually merged with the surrounding landscape. The fire history polygons were joined with the layers that had been created. The fire map provided the stand age simply by subtracting the year of image acquisition with the designated year of each burned area.
All layers, which were created at different scales from the methods that are described in Sections II-C1-II-C3, were joined to compose the final map with the following polygon attributes: forest cover type, main species, understory type, stand crown cover, tree height, disturbance, age, open land cover, and surficial deposits (Table I) . A smoothing algorithm (the Peak algorithm from ESRI [58] ) was applied, with a tolerance unit of 200 m. All map polygons were checked to ensure that the minimum distance between two nodes of an arc of polygons was greater than 10 m, to avoid polygon overlap. Also, water body polygons were added from existing topographic map at scale of 1:50 000. The final map was revised by an experienced interpreter to correct any minor errors, such as confusion between vegetation classes.
4) Accuracy Assessment of the Map Products:
The use of sample plots for accuracy assessment was avoided primarily because of differences in scale: plot data would introduce substantial bias since it is typically collected on 400 m 2 , whereas map polygons generally cover several hectares. As an alternative to using sample plots, map classes were compared with those estimated by the interpretation of a video transect that was acquired by an airborne video camera. The flight lines were first established by positioning 10 points randomly over the mapping area with a minimal distance of 100 km between them to avoid grouping and co-occurrence. All points were then linked by a series of flight lines. The resulting images were equivalent to photographs at a scale of 1:1500 with the inclusion of continuous frame displacement, which provided greater latitude for image interpretation. This scale is suitable for providing interpreters with sufficient visual detail for an accurate estimation of map attributes. The lines were then filmed with the video camera using geovideo software [59] , which allowed the position to be recorded for all the video. When this video was used on a GIS system, the video was displaying on a first window and the geographic position of the record was displayed on a second window, both in coordination. The resulting videos provided fine details of the vegetation to facilitate interpretation. The vegetation and forest map attributes that were produced by the method in Section II-C1 were the first to be evaluated. To do so, 20% of the polygon were selected upon which the flight line was superimposed. Polygons that were covered by less than 10% by the video swath were eliminated from the evaluation, to ensure sufficient sampling for the evaluation. The random selection of polygons required that at least 30 polygons were selected from each forest class. An independent interpreter was provided with the polygon boundaries with no additional information, to assign a value for each of the five map attributes: 1) forest cover type; 2) understory type; 3) stand crown cover; 4) disturbance; and 5) open land cover. Six error matrices, one for each map attribute, were calculated by comparing the map that had been produced with the classes that were interpreted from the geo-referenced video. The year of fire occurrence was not assessed; only the presence or absence of a fire polygon between 1920 and 2013 was noted. For a global evaluation, an error matrix was also calculated for the merged classes of the five map attributes: 1) forest cover type; 2) understory type; 3) stand crown cover; 4) disturbance; and 5) open land cover.
Surficial deposits were evaluated independently of the five other map attributes, since the number of surficial deposit polygons was lower than the other map attributes. In that context, the evaluation was based on an interpretation of 50% of all terrestrial polygons on the map that overlaid the video. The random stratified approach led to a minimum of 30 polygons for all classes of surficial deposits. Classes that had less than 30 polygons were merged into a class referred to as "other." One error matrix for surficial deposits was calculated by comparing the final map with the classes that were interpreted from the geo-referenced video. In all cases, the polygons' perimeter was not validated, given that they had been created through an automated process within the segmentation algorithm.
III. RESULTS
The final parameters of the ISODATA algorithm (initial number of clusters, the maximum number of iterations, and the movement threshold) were selected based on the classification results that had been obtained after several iterations. It resulted in two nominal raster layers: 1) forest cover type and 2) understory vegetation. The final parameters that were selected based on iterations were, respectively, 100, 22, and 0.01. In the case of the numeric raster layers (stand crown cover and tree height) that were generated from the kNN algorithm, the best estimates of the parameters (k and t) were 5 and 2, respectively. Based on these established parameters, the best estimates of statistical values (R 2 , RMSE, and bias) were 66.7%, 40.6%, and 0.5%, respectively, for stand crown closure, and of 63.0%, 27.6%, and 0.3% for tree height.
The integrated map was produced by merging 1) the map of vegetation and forest attributes that is described in Section II-C1; 2) the surficial deposit map that is described in Section II-C2; and 3) the fire history map that is described in Section II-C3. This integrated map had 337 631 polygons (293 546 terrestrial polygons) with a mean area of 33 ha and a minimal area of 16 ha. The segmentation parameters (described in Section II-C1) that were estimated following several iterations were set to 30 and 10 for scale and shape factors. The iterations that were performed on satellite images, together with knowledge acquired in the field, suggested a guide for the most favorable image combination and discrimination elements that could be used for differentiating tree species (Table II). TABLE II  DOMINANT TREE SPECIES DISCRIMINATION PARAMETERS 1) MIR, mean infrared; IR, infrared; R, red; G, green; B, blue. 2) All the images were enhanced with a linear regression. For the winter Landsat, the maximum values of the linear regression were established at the mid-band histogram. Fig. 3 . Portion of the map illustrating map polygon's perimeters and three polygons database with associated stand attributes.
The integrated map consisted of eight contextual database attributes, as described in Table I . Only one of these attributes is numeric (tree height), while the others were classes. These map database attributes represent a rich source of information with respect to a stand that is being identified under a polygon. As an example, a stand could be characterized has having the following attributes: coniferous; dominated by black spruce and having a moss understory; crown closure class is B; mean tree height is 14 m; originated from 1940 fire, and stand age is 80 years; and the surficial deposit is till. Fig. 3 illustrates a portion of the map for La Grande River area with three polygons that were taken individually, with their associated databases, and using a Landsat summer mosaic as background. As an example, these three polygons show the combinations of forest cover type, understory type, crown cover, and land cover, where dense stands are darker than open stands. The information regarding vegetation and forest type that was produced from this work, however, had to be evaluated quantitatively to indicate the level of confidence that users should have and to demonstrate the strength of the developed methods.
As a quantitative evaluation of map accuracy, an error matrix was first computed, as detailed in Table III , for the five map attributes: 1) forest cover type; 2) understory type; 3) stand crown cover; 4) disturbance; and 5) open land cover. The rows' values are the classes from the map and columns are the classes that were interpreted from the geo-referenced video. Table IV shows the global accuracy and Kappa values (κ) for the five-error matrix and for the statistics of the merged attribute matrices, which were not shown in this paper. Overall accuracy and the Kappa statistics explain the reliability and accuracy of the maps produced and are largely reported [60] . A total of 2910 polygons overlaid the flight lines and of these polygons, 843 were randomly selected. Global accuracy values ranged from 89.9% to 99%, while Kappa values ranged from 86.9% to 96.3%. Forest cover types, land cover, and disturbance had Kappa values greater than 93%. The greatest confusion or TABLE III  FIRE ERROR MATRIX CALCULATED FOR THE MAP ATTRIBUTES   TABLE IV  STATISTICS FOR THE FIRE ERROR MATRIX CALCULATED FOR THE MAP  ATTRIBUTES AND THE GLOBAL ACCURACY: 78.1% AND KAPPA: 72.5% misclassification for forest cover types was between the deciduous and mixed classes. In fact, almost half of the polygons that were evaluated within mixed classes were misclassified. For the coniferous class, only 3% of all polygons were misclassified. For land cover, only shrubs and lichen barrens exhibited misclassifications with forest stands (stand crown cover higher than 10%). Understory type and stand crown cover attained lower values of global accuracy (89.9% and 91.2%, respectively) and Kappa (86.7% and 86.9%, respectively). In the case of the understory type, 6% of "moss" polygons (m) and 4% of "lichen" polygons (c) were misclassified as the mixed class "lichen-moss." For stand crown cover, the weaker results can be explained by the fact that forest stands that were present in the area most had a cover around 25%, which is the boundary value for classes L (10%-25%) and D (25%-40%). Validation of the disturbance classes yielded the highest statistics, with a global accuracy of 99% and a Kappa of 96.3%. Finally, the map attributes merged gave strong agreement with a global accuracy of 81.8% and a Kappa value of 79.3%.
The specific error matrix produced for surficial deposits is detailed in Table V . A total of 1342 polygons overlaid the flight lines and 671 polygons were selected for the evaluation. The surficial deposits obtained the lowest statistics, with a global accuracy of 78.7% and a Kappa value of 72.5%. These low values could be attributed to 32% of till polygons (1A) being misclassified as till with either rock (R) or drumlins (1BD). Misclassification of surficial deposit classes mainly occurred between similar surficial deposit types: rock (R) instead of till (1A) in 20% of till classes and marine deposits (5A) instead of organic classes (7) in 16% of organic classes. Consequently, lower summary statistics were estimated for surficial deposits when these were compared to other map attributes, but the Kappa value of this map attribute indicated substantial agreement. This disparity can be explained by the fact that the window of evaluation, given by the geo-referenced video swath, was quite small relative to the mean area of surficial deposit polygons, which had a minimum area of 100 ha.
IV. DISCUSSION
Acquisition of accurate measurements and temporally continuous inventories of northern boreal forest ecosystems is challenging, given that they cover very large areas, which are not very accessible. The method proposed went beyond available studies using satellite remote sensing, which limited their developments by using either aerial photographs or pixelbased classification. In terms of a general strategy, our method enhanced the approach 1) by using a wider array of satellite images (Landsat summer mosaic, Landsat winter mosaic, and RapidEye); 2) by integrating several techniques according to their potential to discriminate the attributes being mapped (object-based classification, knn imputation, and image interpretation); and 3) by including the ability to represent raster data at different scales (pixel-based at 30 m, stand-level, and polygons representing the surficial deposits or fire extent). Combining methods and scales allowed us to maximize the results. The method proposed results in a series of useful layers that are adapted for forest management while dealing with the limitations inherent to huge northern areas. Overall, it addressed important scientific challenges by creating a method that goes beyond those proposed in previous studies.
The first challenge was to propose a set of procedures that can be adapted to map a huge area of the boreal forest from satellite images. In Canada, traditional forest mapping exercises were either based on a combination of aerial photographs and field sample plots [10] - [12] to generate the polygonal map, or on the use of coarse-to medium-scale satellite images [13] - [16] , [61] that generate a raster map. The effectiveness of land-cover mapping using semiautomated segmentation and object-based classification has been effectively demonstrated [62] - [64] . The present study used these methods to integrate pixel-based classification into polygons that were generated by segmentation. This method generalizes the information at the polygon level, yet it is adaptable to different guidelines according to forest practices or other issues. For example, specific attributes that are associated with each polygon, such as the percentage of lichen composition, stand crown cover, or the standard deviation of stand height, can be easily calculated and compared for all areas. Even though some research projects have tested the potential of applying remote sensing images to tree species classification [65] , [66] , this project introduces new options. It takes advantage of summer and winter conditions by using the summer and winter Landsat mosaics. It also takes advantage of multiresolution images by using Landsat, RapidEye, and aerial images for map production and validation. The method took advantage of low tree species diversity in northern boreal regions to improve the ability to map tree species composition over a huge area using the Landsat and RapidEye images. This innovative set of procedures that led to a map describing the vegetation, its detailed composition and main tree species is a step forward in dealing with huge and data-poor boreal contexts.
A second challenge was finding a way to use satellite images to map surficial deposits, which are usually mapped by photo-interpretation [10] , [25] , [26] . Traditional approaches for mapping surficial deposits require extensive resources and, therefore, are difficult to apply over large areas. Not only were the procedures based on 3-D RapidEye images, the accuracy of the resulting map of surficial deposits yields a significant improvement over earlier methods for effectively mapping large areas. The resulting map is adapted to support foresters who are assessing ecosystem resilience to natural or anthropogenic disturbance.
A third challenge was mapping stand age over the huge area while maintaining consistency and accuracy. Traditional inventories in Canada involve the interpretation of stand age from aerial photographs with the interpreter being trained from field samples [10] - [12] . This method is costly and can introduce heterogeneity to the map through subjective interpretations. Forest age in boreal regions is primarily driven by natural disturbances, generally by catastrophic wild fire. Therefore, an useful alternative for assessing forest age is mapping old fire perimeters. However, this approach requires extensive field work to define the date of a fire and its resulting perimeters, since evidence of these perimeters disappears within the landscape as the forest recovers in the time following disturbance. This limitation has constrained its implementation over large and remote areas of boreal ecosystems [35] . The method proposed to determine stand age by measuring the year when the fires occurred over the landscape using easily available archived remote sensing images. Only a few fire scar samples have to be collected from the field to train the method. The procedures proposed were practical to implement and provided an objective, reliable map of uniform quality for stand fires, thereby providing stand ages over a very large area.
Interestingly, a fourth challenge arose when attempting to validate our results. Most mapping projects propose map validation using ground sample plots as a reference [67] , [68] , [33] , [34] . This procedure involves inherent biases due to differences in scale between the plot and pixel/polygon that are to be evaluated [69] . Therefore, map validation of forest layers requires a large number of plots to calculate significant error statistics. The approach that has been proposed in this paper overcame this limitation by using a common imaging tool (the frame video camera) and an airborne platform. The very fine resolution images that were acquired by the airborne camera allow detailed interpretation of targeted areas and reliable validation. The potential bias of interpreters is offset by the very fine resolution of the images. Our experience with this approach to validation is convincing: planning data acquisition along the transect proved to be practical and estimating the appropriate classes for the targeted layers did not seem to cause much hesitation. Consistency was tested between interpreters; further most classes were relatively distinct from one another at the scale of the airborne images. This approach to map validation can easily be adapted in many other contexts.
Even though several aspects of our work demonstrated the potential of the proposed method, several limitations still remain. First, despite being applied to a huge area (44% of the Quebec Province), it is still unknown as to how well the method can be adapted to the rest of the boreal region, particularly where different inventory practices exist. Second, the proposed method requires a priori calibration data to obtain a suitable level of detail and accuracy: archived aerial photographs or maps, aircraft surveys, or field studies. Third, the surficial deposit maps that were produced from 3-D anaglyph mosaic were rendered at a coarser scale than the vegetation map, resulting in a much coarser minimal mapping unit. Consequently, local surficial deposits smaller than 100 ha were difficult to interpret from this mosaic and could not be discriminated. Fourth, the validation approach using an airborne camera is limited to the validation of all map attributes that do not require 3-D information. Tree heights that are calculated for each polygon were not evaluated by this approach but had been evaluated previously with the imputation process.
The proposed mapping method opens several new perspectives, either for improving the method or for the use of the map layers. First, the present method is mainly based on Landsat images with 30 m of spatial resolution. The new Landsat 8 images, with their 15 m spatial resolution and reflectance products, can improve the accuracy of the image processing results and facilitate interpretation. As second option, the present study was relied upon existing data that were available. In another context, existing maps or datasets can be used. As an example, an archive of surficial deposit maps that were created by interpretation of aerial photography could be simply added to the vegetation map that was created with this proposed method. The use of existing data can be more productive and accurate than the approach proposed here. Third, the proposed method achieved a higher level of accuracy for the individual and merged map attributes when it was compared with other similar projects [70] , [71] . This enlarges the possibilities for using this method for other areas of boreal ecosystems. For example, this map can produce reports on ecosystem sensitivity and temporal trends in a global warming context. In fact, forest attributes (crown cover or height) and characteristics (species or composition) can be reported for large areas. As another example, the method can be used to document faunal habitat richness, e.g., understory type (moss, shrub, or lichen), which is relevant to the diet of woodland caribou (Rangifer tarandus caribou). As a final example, the fire history map that was related to the present vegetation characteristics could be a valuable source of information regarding the resilience of these ecosystems after fire. This can be linked to the sensitivity of these ecosystems to global warming.
V. CONCLUSION
The methods that were developed in this project introduced several technological innovations. First, image classification using an object-based approach improved the ability for applying queries to extract spatial statistics on the mapped attributes, such as surface heterogeneity and horizontal structure of the vegetation. Second, species mapping that was based on multidate satellite images is flexible and, consequently, can be applied to other, similar ecosystems or it can be adapted to different ones. For example, the species identification guide can be applied to a large part of the boreal region of North America or even for other northern ecosystems in Scandinavia or Asia, where tree species are comparable to those that were covered by this study. Third, the study demonstrated the effectiveness of our method to map fire history based on archived images of satellite sensors covering very large areas. The proposed method for mapping fire perimeters and age is applicable over the circumboreal forest, which is composed of fire-driven ecosystems. Fourth, interpretation of surficial deposits from 3-D RapidEye images is novel and can also be applicable over large areas for which satellite images and topographic maps are available. Fifth, the use of geo-referenced video technologies to assess mapping accuracy takes advantage of a widely available tool for effectively assessing map accuracy. In summary, the method proposed provides the means for mapping very large areas of forested ecosystems at regular intervals with accuracies comparable to current inventory requirements. This cost-effective and innovative method proposes new ways to map boreal ecosystems.
Some improvements can be brought to the proposed methods. For instance, predictable improvements in the quality, availability, and cost of satellite images are likely to facilitate the application of our method. Similarly, the availability of airborne LiDAR data has proven to be an effective tool in providing precise digital elevation models and assessing a wide array of forest attributes. Accessibility to large computing capabilities is also an important asset when dealing with wide-area mapping. Requirements for reporting relatively good precision level for huge area mapping, to the point of being compatible with official forest inventories of southern areas, provide a supplemental argument in favor of the method proposed, as it would provide a strong base from which useful map products could be made available.
